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Text

1. Distributed Representations of Words and Phrases and their Composi-
tionality (word2vec)

2. Distributed representations f sentences and documents (doc2vec)

3. Novel2Vec: Characterising 19th Century Fiction via Word Embeddings
4. cite2vec: Citation-Driven Document Exploration via Word Embeddings
5. Discovery of Evolving Semantics through Dynamic Word Embedding
earning

6. Mixing Dirichlet Topic Models and Word Embeddings to Make lda2vec
7. sense2vec - a fast and accurate method for word sense disambiguation in
neural word embeddings

. emoji2vec: Learning Emoji Representations from their Description

Network

. DeepWalk: Online Learning of Social Representations

. node2vec: Scalable Feature Learning for Networks

. struc2vec: Learning Node Representations from Structural Identity
. struc2vec: Learning Node Representations from Structural Identity

Trajectory
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. Exploring the Context of Locations for Personalized Location Recommen-
dations

2. POI2Vec: Geographical Latent Representation for Predicting Future Vis-
itors

3. A General Multi-Context Embedding Model for Mining Human Trajectory
Data

4. From Word Embeddings to Item Recommendation

5. A Data Grouping CNN Algorithm for Short-Term Traffic Flow Forecast-
ing

Video

1. Video2Vec: Learning Semantic Spatial-Temporal Embeddings for Video
Representation
2. Learning Temporal Embeddings for Complex Video Analysis

Item

1. item2vec: neural item embedding for collaborative filtering




2 Paper Reading

2.1 UrbanFACET: Visually Profiling Cities from Mobile Device Recorded
Movement Data of Millions of City Residents
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2.2 EventThread: Visual Summarization and Stage Analysis of Event Se-

quence Data
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Figure 1: EventThread

2.3 What Would a Graph Look Like in This Layout? A Machine Learn-
ing Approach to Large Graph Visualization
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Figure 2: GraphLayout

2.4 TACO: Visualizing Changes in Tables Over Time
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Figure 3: TACO



